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Abstract: Afromontane forests are biodiversity hotspots and provide essential ecosystem services.
However, they are under pressure as a result of an expanding human population and the impact of
climate change. In many instances electric fencing has become a necessary management strategy to
protect forest integrity and reduce human-wildlife conflict. The impact of confining hitherto migratory
elephant populations within forests remains unknown, and monitoring largely inaccessible areas
is challenging. We explore the application of remote sensing to monitor the impact of confinement,
employing the Breaks For Additive Season and Trend (BFAST) time-series decomposition method over
a 15-year period on Moderate Resolution Imaging Spectroradiometer (MODIS) Enhanced Vegetation
Index (EVI) (MOD13Q1) datasets for two Kenyan forests. Results indicated that BFAST was able to
identify disturbances from anthropogenic, fire and elephant damage. Sequential monitoring enabled
the detection of gradual changes in the forest canopy, with degradation and regeneration being
observed in both sites. Annual rates of forest loss in both areas were significantly lower than reported
in other studies on Afromontane forests, suggesting that installing fences has reduced land-use
conversion from human-related disturbances. Negative changes in EVI were predominantly gradual
degradation rather than large-scale, abrupt clearings of the forest. Results presented here demonstrate
that BFAST can be used to monitor biotic and abiotic drivers of change in Afromontane forests.
Keywords: time series analysis; BFAST; montane forests; change detection; degradation; MODIS;
fencing; elephant
1. Introduction
Over 31% of the Earths’ surface is covered by forests, and maintaining the integrity of forest
ecosystems is a global conservation concern [1]. The East African montane forests, rich in biodiversity
and providers of vital ecosystem services to the human population, are under intense pressure [2–4].
Although there is no consensus on the impact of climate change on lowland productivity [5,6],
analysis suggests that some areas have become drier, noticeably reducing the length of the growing
season [6]. The combination of rising temperatures and altered rainfall patterns is a major factor in
food insecurity [7–9]. Subsequently, with increasing human populations and a decline in productivity
in the rangelands, pressure on the East African montane ecosystems is expected to increase.
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Montane forests and highland areas account for 15.2% of Kenya‘s total area [1]. Five of these,
namely the Aberdare National Park (ANP), Mount Kenya, Mau Complex, Cherangani Hills and
Mount Elgon, are known as the “Water Towers”; they are an important water resource for the
country [4], accounting for 75% of the renewable surface water [10]. Two of these “Water Towers”
(Aberdare mountain range and Mount Kenya) produce 55% of Kenya’s electricity, which is generated by
hydropower, and support major irrigation schemes required by the agricultural sector that contributes
to a quarter of the country’s GDP [11]. The degradation of Kenya’s forests and subsequent impact on
climate change could severely affect agricultural production [12,13] and lead to negative ramifications
for the human population.
The Kenyan montane forests are refuges that became isolated during glacial maxima and recurrent
expansions and contractions of the forest [14]. This history has produced centers of endemism and
biodiversity hotspots which incorporate an extensive range of habitats promoting a unique biodiversity
for East Africa [10,14]. They support a number of threatened mammal species, such as the critically
endangered mountain bongo (Ragelaphus eurycerus), and are an internationally recognised Important
Bird Areas. Although not a montane forest, or part of the “water towers” of Kenya, the Shimba Hills
forest in the Southern coastal zone is a significant regional water catchment that is also monitored by
various state agencies in charge of water towers. It contains three threatened and two restricted-range
bird species, and is home to the country’s only population of sable antelope (Hippotragus niger) [15].
The areas surrounding Kenya’s forests have experienced large-scale changes in land-use as a
result of a rapidly expanding human population, which has also led to an increasing competition
for resources between people and wildlife. Human-elephant conflict (HEC) has become a major
conservation concern [16] with increasing cases of property damage, crop raiding and human death
and injury [17]. In response to HEC, and to protect the forests from the pressures of illegal activities,
including logging, poaching and illegal kilns to supply the charcoal trade, Kenya has embarked on a
strategy of using electric fencing enclosing the montane regions and other forests containing elephant
populations. Although fencing some of the “Water Towers” and Shimba Hills National Reserve is
already well underway, the impact of confined elephants on forest health, and the ramifications on
other taxa that rely on these areas as dry season refugia, is unknown.
Under the threat of degradation by anthropogenic and biogenic pressures, and the little
understood impact of fencing, it is becoming increasingly common to separate people and wildlife.
There is an obvious need to assess the impact of fencing on the integrity of forest ecosystems and
to monitor the long term health of forests to guide management strategies to preserve both species,
and habitats. Previous techniques assessing the impact of mega-herbivores on ecosystems have been
limited to the collection of ground data assessing tree damage [18–20]. A major drawback with this
approach is that it is limited to only those areas that are relatively easily accessible and can only
be conducted on a relatively small scale. Consequently, montane regions have remained relatively
understudied as they are commonly found in largely inaccessible areas, with challenging terrain and
limited road access [21,22].
With increasing habitat fragmentation from fencing and land use change, ecologists have become
increasingly interested in the capacity of some species to permanently alter their habitat and modify
the environment [23,24]. Elephants have been documented to reduce the cover of woodland [25] and
cause large- and small-scale disturbances to the land. Bark-stripping, uprooting trees, and opening up
vegetation by trampling plant communities whilst foraging, combined with their preferential seasonal
feeding, can cause irreversible damage to trees and bushes [26]. In addition, they dig wells to reach
water under the surface, and smooth rock surfaces and tree stumps whilst rubbing up against them
to scratch [18,26,27]. In instances where there have been significant impacts, wildlife corridors and
translocations of elephants have been used as a measure to limit and reverse such damage. In 2005,
for example, as a response to elephant overpopulation, negative impacts on the vegetation [17], and to
reduce HEC, 150 elephants were translocated from the Shimba Hills forest to Tsavo East National
Park [28].
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Over the last decade, there has been an increase in the use of remote sensing approaches for
monitoring deforestation over large areas, due to the opening of the Landsat archive in 2008 [29–31].
The use of Earth observation (EO) data with challenging terrain is undoubtedly faster and more cost
effective than approaches employing field data only [32].
Mapping changes in forest cover with remotely sensed imagery has most frequently been carried
out using a bi-temporal change detection approach, whereby multiple images are selected from key
points in time and land cover change maps are produced using a supervised classification technique
(e.g., Maximum Likelihood, Random Forests) [33,34]. However, DeVries et al. [22] highlighted the
potential problem of cloud contamination using this method, particularly when working in the
tropics or in montane regions [35,36]. When using only a limited number of images during temporal
comparisons, subtle disturbances and vegetation regrowth processes might be missed due to large
temporal gaps in the period between start and end dates. This can be problematic when detailed
vegetation dynamics are required to guide habitat management decision-making [37,38]. To avoid
errors in change detection, it is also vital to select scenes that are from the same phenological period as
seasonal variability within the forest can result in confusion between forest and non-forest pixels [22,33].
The sparse Landsat archive in large parts of East Africa further complicates the ability to choose
appropriate imagery at this scale and for this region. As a result, LiDAR (Light Detection and Ranging)
data is increasingly being used to map gaps in the forest canopy and to identify degradation [39,40].
However, persistent cloud cover, steep topography, limited temporal datasets and the high associated
economic costs especially in developing areas means that LiDAR can be unsuitable for detecting
change over time, particularly in montane forests [36].
To increase the sensitivity of detecting discrete changes in montane forest ecosystems, it is,
therefore, advantageous to employ more robust approaches of dense time series analysis that can
also consider seasonality [37,38,41–43]. The recent development of a range of algorithms including
LandTrendR [44] for the Landsat archive and Breaks For Additive Season and Trend (BFAST) [21]
for Landsat and Moderate Resolution Imaging Spectroradiometer (MODIS) datasets, has enabled
near real time monitoring in the health and dynamics of ecosystems worldwide [38]. BFAST has
previously been applied on a Landsat time-series using the Normalized Difference Vegetation Index
(NDVI) in a montane forest in Ethiopia. It successfully identified small-scale forest disturbances,
events characterised by a small number of pixels with varying magnitudes of change, from discrete
clearings of the forest to progressive reductions in the canopy cover [22]. It has been proven to be
robust in determining both discrete and abrupt changes in forest cover in a variety of habitats [42,45,46],
even in regions with high cloud contamination, such as the Kenyan montane forests. Landsat data
with a relatively fine spatial resolution (30 m-pixels), spanning more than four decades, could be ideal
for studying forest disturbances using LandTrendR or BFAST. However, significant gaps in the archive
exist over East Africa for the mid-1990s and early 2000s. The number of available Landsat scenes for
the study sites at the time of analysis, and the significant gaps are shown in Appendix A. A trade-off in
the spatial dimension, as well as the depth of the historical records, is to use imagery from MODIS at a
very fine temporal (16-day) but coarser spatial (250 m pixel) resolution, to detect forest disturbances in
this region [46–48].
Within this context, our aim was to detect vegetation change and assess forest condition in two
fenced forests of Kenya. Both climatic and non-climatic drivers of change were considered, along with
the impact of fencing elephants in forests, which has never been examined using dense time series
analysis techniques with remote sensing data before. We employ BFAST on the Enhanced Vegetation
Index (EVI) derived from MODIS time-series data in combination with Tropical Applications of
Meteorology using SATellite (TAMSAT) monthly rainfall estimates and the MODIS burned area
product to identify the direction and magnitude of change in the forest canopy. We also map
the potential drivers of change, in combination with ground truth data, to assess the suitability
of using medium-resolution satellite imagery providing near real-time information on the dynamics of
Afromontane forests characterised by gradual change.
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2. Materials and Methods
2.1. Study Site—Aberdare National Park, Kenya
The Aberdare National Park (ANP) covers an area of 766 km2 in the Central Province of
Kenya. It lies southwest of Mount Kenya forming the Eastern rim of the Great Rift Valley
(Figure 1). The altitude in the park varies from ~1800 m to ~4000 m. This high altitude means
that the area experiences cloud cover throughout the majority of the year. Data extracted from the
WorldClim database shows it has a uniform climate, with temperatures averaging 17 ◦C, and receiving
approximately 1600 mm per annum. There are two ‘wet’ seasons, with the long rains starting in
March and lasting until late May, and the short rains arriving in October and ending in December.
In 1989, the construction of the world’s largest electric ‘wildlife’ fence surrounding the perimeter
began. It was commissioned in eight phases and was completed in 2009 [11]. The area now contains
a confined elephant population with a recent survey estimating ~4000 elephants (pers.com. Kenya
Wildlife Service, 2017).
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2.2. Study ite—Shimba Hills National Reserve, Kenya
Shimba Hills National Reserve (SHNR) is a smaller forest reserve covering 300 km2 located in
the Kwale District in the Coastal Province of Kenya (Figure 1). The altitude within this Reserve is
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much lower than the ANP, averaging at just 348 m above sea level, meaning that the cloud cover
across the area is significantly lower. WorldClim data gives temperatures averaging 25 ◦C, the area
receives less rain than the ANP, averaging just 1162 mm per annum. This coastal region experiences
two ‘rainy’ seasons. The highest volume of rain occurs between April and July, with shorter rains
arriving in October and lasting until November. The perimeter has been fenced since 1999, with the
current estimated elephant population in the reserve of >600 individuals. It is suggested that the
elephant population is three times the recommended carrying capacity of circa 200 individuals [17].
2.3. Satellite-Based Data
2.3.1. MODIS EVI
The response variable used to detect vegetation change was the MODIS Enhanced Vegetation
Index (EVI), a measurement of photosynthetic activity in vegetation at a location, ranging from 0
(indicating no vegetation) to 1 (dense vegetation):
EVI = G
NIR− Red
NIR + C1Red−C2Blue + L
where G is the gain factor, NIR is the Near Infra-red band, C1 and C2 are the coefficients of the aerosol
resistance term, and L is the canopy background. Whilst the Normalized Difference Vegetation Index
(NDVI) [49] is commonly used [22,45], as in a number of other forest studies, we chose the EVI, [50–52]
due to its improved performance in areas of high biomass as a result of a de-coupling of canopy
background signals and a reduction in atmospheric influences [53]. We used the MODIS EVI product
MOD13Q1 at 250 m spatial and a 16-day temporal resolution downloaded from the United States
Geological Survey (USGS; Table 1).
Table 1. Datasets used for the change detection.
Dataset Parameter SpatialResolution
Temporal
Resolution Source
Number of Scenes
Per Study Site
MODIS
MOD13Q1 EVI 250 m 16 Day https://espa.cr.usgs.gov 386
TAMSAT Rainfall 4 km Monthly https://www.tamsat.org.uk 132
MODIS
MCD451A Fire 500 m Monthly https://earthexplorer.usgs.gov/ 132
All available scenes, totalling 386, an average of 23 per year, were acquired for each site spanning
the period of February 2000 to December 2015, to produce 15-year annual profiles. The MOD13Q1 is
provided as a surface reflectance product and masked for water, clouds, heavy aerosols, and cloud
shadows. We applied another mask to the data in R [54] which employs the quality assessment
layer, thus addressing pixel reliability. We only kept those pixels in the time-series analysis that were
confidently ranked as of ‘good quality’ in the product information guide.
2.3.2. TAMSAT Rainfall
Monthly rainfall was also incorporated into the analysis to evaluate the effect of rainfall on
the variation of the EVI values (Table 1). We employed the Tropical Applications of Meteorology
Using Satellite and Ground-Based Observations (TAMSAT) monthly data with a 4 km spatial
resolution [55–57]. The TAMSAT method calibrates the algorithm using rain gauge observations
combined with contemporaneous cold-cloud duration (CCD) to infer rainfall estimates and
anomalies [56]. We derived anomalies in rainfall patterns based on differences between the observed
and expected volume of rainfall for each study site by running the BFAST algorithm on the monthly
rainfall estimates data, to allow a visual representation.
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2.3.3. MODIS Burned Area
To identify vegetation disturbance as a result of fire, the MODIS monthly MCD451A burned area
product at 500 m spatial resolution was used to assess the timing and extent of burnt areas within the
study sites (Table 1). The algorithm locates rapid changes by analysing the daily surface reflectance
changes to identify recent fires. We downloaded data from the USGS archives and kept only the
‘use with confidence’ pixels (as labelled in the quality assessment layer provided with the dataset).
2.4. BFAST Method
To detect breakpoints in the MODIS EVI time series, we employed the BFAST approach [21] using
the ‘bfastSpatial’ package [42,58,59]. Annual vegetation phenology follows a somewhat predictable
cycle, with “greening” during the wet season and “browning” throughout the dry. Both seasonality
and environmental factors including precipitation and temperature can cause variation in EVI values,
particularly in non-forest areas, such as shrubland. The BFAST method breaks-down the time series
into trend, season and residual components [21]. Fitting a seasonal trend accounts for these temporal
fluctuations. Despite our focus being on detecting change in areas of primary forest, it was not possible
to exclude non-forest pixels due to the absence of detailed land cover maps throughout the study
period [60].
There are three stages in classifying change in the time-series using BFAST: (1) fitting a model
based on pixel values from a stable history period; (2) testing observations in a time period following
the history period in order to detect any deviations from the model; and (3) calculating the magnitude
of change by examining the median residuals between the observed and expected value.
BFAST Parameters
Model for the additive seasonal trend: The “harmonic” model, used by Verbesselt et al. [41] to detect
forest change, was considered to be the most suitable for phenological change detection of natural
vegetation:
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where, yt and t are the response variable and time, f is the temporal frequency, α is the intercept, y and δ
are the amplitude and phase of the harmonic component and εt is the residual (noise component) [22].
The factor h: h is the minimal segment size between potentially detected breaks in the trend model
given as fraction relative to the sample size (i.e., the minimal number of observations in each segment
divided by the total length of the timeseries). Given our sample size, we fixed the value of h at 0.1 in
order for at least one complete phenological cycle between two break-points.
Stable history period: for the Aberdare National Park this was defined as the period between
2000 and 2004. Throughout this period, over 60% of the area remained un-fenced and the elephant
population was able to follow former migration routes to the lowlands during the wet season.
It was assumed that the pixels within the forest were relatively stable. For Shimba Hills National
Reserve, we used a shorter stable history period from 2000 to 2002 as we were informed by Kenya
Wildlife Service (KWS) that the northern part of the park within the Mwalunganje elephant sanctuary
experienced large areas of degradation as a result of elephant damage after this period. A minimum of
two years of stable history period was used as it is recommended that at least two years is required to
accurately monitor change when employing the MODIS 16-day product [21].
Sequential monitoring: We used a sequential approach and limited the monitoring period to
one-year consecutive periods in order to track gradual, incremental changes over time, as highlighted
in previous BFAST applications [22]. Using a sequential method reduces the large number of
observations post change detection and limits the impact this can have on the results of the change
magnitude [22,43,45].
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2.5. BFAST Validation
In order to assess the ability of a MODIS-based BFAST approach to detect disturbances in
Afromontane forests caused by different drivers (e.g., anthropogenic, climatic, elephant damage),
we randomly selected 495 forest and non-forest pixels across both study sites: 227 in the ANP and 268
in SHNR, separated into two strata (change detected and no change detected). Some studies use finer
resolution Satellite Pour l’Observation de la Terre (SPOT), RapidEye, or Landsat data [22]. However,
due to the large temporal gaps in the Landsat archive (Appendix A) over East Africa, and the failure
of the scan-line corrector (SLC) on Landsat 7, we used the EVI profiles from the time-series using
the BFAST monitor function within the ‘bfastspatial package’. We performed a visual interpretation
comparable to TimeSync [61], at the pixel level, of an agreement or disagreement of a breakpoint or
non-breakpoint pixel based on the validity of the model fitted and the trend of the EVI values for each
pixel. Commission errors were recorded if there was disagreement when the model had incorrectly
classified a breakpoint as a result of excessive noise within the data, or an unsuitable model fitted based
on the stable history period. Omission errors were reported if the model did not correctly identify
a breakpoint.
To further assess BFAST’s ability to identify changes, we carried out field visits during 2015 and
2016 and collected geolocated photographs from locations within our study areas were BFAST was
able to identify disturbances in those years. Ideally, it would have been preferable to use very high
resolution (VHR) imagery, such as aerial photos, for the duration of the study. However, these were
not available for our study areas.
3. Results
3.1. Aberdare National Park
The change maps produced using BFAST on the MODIS EVI data for the Aberdare National Park
are shown in Figure 2, together with the year of change and years of burn data based on the MCD45A
MODIS data.
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Figure 2. Change maps for the Aberdare National Park from 2005–2015 showing: (a) The magnitude of
change in the MODIS Enhanced Vegetation Index (EVI) derived using Breaks For Additive Season and
Trend (BFAST); (b) The year the breakpoint was detected by BFAST; (c) Areas of fire detected by the
MODIS MCD451A product.
Throughout the monitoring period, the ANP experienced 102.9 km2 of change in the vegetation
cover as a result of climatic and non-climatic drivers. This represents approximately 13% of the Park.
However, only 8 km2 represents negative change in the EVI v lu s, ther fore only 0.9% of loss to the
parks vegetation occurred over the 11-year monitoring period; this corresponds to an annual rate of
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0.09%. The direction of change indicates areas of negative change followed by regrowth. Ground truth
visits suggest that certain areas of the Park are more susceptible to human influences. In northern parts
of the Park we found evidence of both recent and old logging sites, and charcoal kilns. In central and
eastern areas of the park, we found no evidence of tree stumps that had been “clean cut”, which is
indicative of anthropogenic disturbance; only vegetation damaged by elephants was found (Figure 3).
Whilst data from the MODIS burned area product correlated well with some of the disturbances,
there was a large number of disturbances identified by BFAST in locations that are not affected by
fire, according to the MODIS product (Figure 2). Areas of disturbance that are not correlated with
rainfall anomalies, anthropogenic disturbance or fire are potentially the result of damage caused
by elephants, as found during ground truth visits (Figure 3). The most substantial disturbance in
vegetation dynamics was 66.4 km2 between the years of 2005 and 2009, which was predominantly a
negative trend (Figure 4).
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Figure 4. Total amount of change per year in the Aberdare National Park.
The temporal profiles of MODIS EVI, rainfall anomalies and monthly rainfall estimates from
TAMSAT are presented in Figure 5. Negative a omalies in rainfall were experienced in 2007; however,
only 2 km2 ha of negative ch nge in EVI occurred that year. In 2008, the year succeeding the negative
trend in rainfall, small negative changes in the EVI valu , with a magnitude of up to 0.2, where
found (Figure 2a,b). Overall, negative anomalies in rainfall in the TAMSAT time series dominated
the year 2009. Some 98.1 km2 of the park showed a decrease in EVI, ith breakpoints at discrete
magnitudes of 0.1–0.3 (Figure 2a,b). However, 0.4 km2 showed negative breakpoint magnitudes of
0.6–1.4 (Figure 2a), suggesting a small-scale, abrupt change, such as forest clearing. After a year of
negative rainfall anomalies, the following year, 2010, reported higher-than-normal rains throughout
the year, which coincided with 21 km2 of the park undergoing positive changes in EVI (Figure 4).
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3.2. Shimba Hills National Reserve
The change maps produced for Shimba Hills National Reserve are shown in Figure 6. Over 306.8 km2
were found to have undergone significant change over the 12-year period, averaging a 9% of change in
the reserve’s area per year. As in the case of the Aberdare National Park, this change is bi-directional
with disturbance detected followed by regrowth identified as subsequent breakpoints in the following
years. The majority of change occurred between the years 2003 and 2004. Removing these ‘outlier’
years from the analysis reduces the annual rate of change to 1.6%. Overall, approximately 11% of
the reserve underwent an improvement with a significant greening of 54% between 2003 and 2004
(Figure 7).
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Figure 6. Change maps for Shimba Hills National Reserve from 2003–2015 showing: (a) The magnitude
of change in the MODIS EVI derived using BFAST; (b) The year the breakpoint was detected by BFAST;
(c) Areas of fire detected by the MODIS MCD451A product.
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Figure 7. Amount of change in km2 in Shimba Hills National Reserve.
Significant gaps in the MODIS burned area data over the SHNR (Figure 6c) meant that the product
could not accurately detect burnt areas. We verified this during our ground truth data collection, as we
were able to locate a number of areas with clear evidence of fire that the MODIS product had not been
able to identify (Figure 8). This discrepa cy of the MODIS data has also bee attributed t the coarse
spatial resolution of MODIS in a study in the southern African region [62].
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Figure 8. Photos taken during ground truth data collection in 2017 of Shimba Hills National Reserve
showing (a) Previous areas of forest that have now been opened up (b1) Evidence of bark stripping
by el phants (b2) Evidenc of re rowth (c) Trees trampled by eleph nts (d) Uprooting of trees by
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The application of BFAST on the TAMSAT data found no statistically significant breaks in the
rainfall anomalies throughout the study period. Figure 9 provides a visualization of the temporal
profiles of EVI from MODIS, rainfall anomalies and monthly rainfall from TAMSAT. Small changes in
the EVI values in 2004 and from 2006 to 2008 may be a response to the climatic driver of the amount
of rainfall. The negative rainfall anomalies observed in 2004 might explain the large amount of the
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Reserve’s significant negative change according to BFAST: 31% of the entire reserve. In contrast,
in 2006, an increase in precipitation resulted in 12 km2 of greening. The year 2003 experienced negative
anomalies in rainfall. In “traditional” models, this would have been seen as a drier for significant
browning. However, 50% of the Reserve actually manifested higher EVI values at magnitudes of 0.3
(Figure 6a).
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3.3. Accuracy Assessment
Validation results with accuracy and error rates for the ANP and the SHNR are shown in Tables 2
and 3, respectively. Our disturbance maps achieved an overall accuracy (OA) of 72% for the ANP
and 79% for the SHNR. On average, the more recent years for both sites resulted in higher OA rates
due to a more stable model being fitted as well as the increased number of data points. The years
that the model performed worse were 2006 for the SHNR (57% OA) and 2011 for the ANP (52% OA).
Except for these two cases, overall error rates for both study sites were ≤0.3.
Table 2. ccuracy assess ent results for the berdare ational Park.
Year Accuracy Error Rate Commission Error Omission Error
2005 0.66 0.3 0.46 0
2006 0.66 0.3 0.40 0.20
2007 0.66 0.3 0.45 0.10
08 0.73 0.3 0.40 0
09 0.76 0.2 0.35 0
2010 0.64 0.4 0.47 0
2011 0.52 0.5 0.70 0
2012 0.87 0.1 0.20 0
2013 0.79 0.2 0.30 0
14 0.86 0.1 0.21 0
2015 0.77 0.2 0.35 0
Overall (05–15) 0.72 0.3 0.4 0.03
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Table 3. Accuracy assessment results for Shimba Hills National Reserve.
Year Accuracy Error Rate Commission Error Omission Error
2003 0.69 0.3 0.44 0
2004 0.77 0.2 0.33 0
2005 0.73 0.3 0.43 0
2006 0.57 0.4 0.50 0.25
2007 0.92 0.1 0.13 0
2008 0.75 0.3 0.17 0.33
2009 0.94 0.1 0 0.10
2010 0.94 0.1 0.25 0
2011 0.77 0.2 0.42 0
2012 0.76 0.2 0.40 0.9
2013 0.89 0.1 0.25 0
2014 0.92 0.1 0.14 0
2015 0.68 0.2 0.33 0
Overall (05–15) 0.79 0.2 0.29 0.06
4. Discussion
Disturbances of the forest canopy occur on a spatial-temporal scale at various gradients,
from subtle damage to trees through to forest clearings. The magnitude of the change detected
is related to the type of transformation of the habitat. Previous studies employing Landsat data within
Afromontane forests in Ethiopia classified two types of disturbance: pixels with negative breakpoints
of less than−0.2 in EVI were classed as deforestation, whilst pixels with breakpoints between−0.2 and
zero as degradation [22,43]. Whilst detecting gradual degradation is particularly challenging due to the
slow reduction in forest canopy [60,63], the sequential monitoring approach that we employed using
one-year non-overlapping periods of monitoring, enabled the detection of small-scale, subtle changes
in the forest with areas of degradation and future regeneration in both study sites.
Annual rates of forest vegetation change in both of our study sites differed from estimates
of forest loss of approximately 0.38% [64] and 0.4% [22] within two montane forest regions in
Ethiopia. The Aberdare National Park is experiencing lower rates of degradation (0.09% per annum);
however, both Ethiopian studies reported forest loss as a result of changes in land-use driven by
agriculture [22,64]. The lower rates of forest loss in the ANP may be attributed to the installation of the
fence, which has minimised human-related conversion of land use. Reductions in the forest vegetation
cover are predominantly linked to non-anthropogenic drivers and cause gradual degradation, rather
than large-scale clearings or deforestation. Our ground truth data suggest that certain areas are more
susceptible to the influences of logging and charcoal kilns. These activities are possibly related to the
proximity to the fence boundary. An aerial survey of the Park in 2002 found that, despite the presence
of the fence, there was evidence of human-related habitat degradation, and that more than 80% of this
anthropogenic activity occurred within a 2.5 to 3 km buffer around the boundary [65].
Throughout the monitoring period, disturbances to the SHNR represented on average 9%
per annum. Surprisingly, however, the direction of change was predominantly positive with an
increase in vegetation activity representing approximately 11% of the area (Figure 7). According to
the Kenya Wildlife Service in a personal communication in 2016, this unexpected greening of the
forest, which occurred mainly during 2003 (the first year of monitoring), could relate to the large-scale
degradation of the area as a result of elephant damage prior to the availability of the MODIS imagery
in 2000. In any case, this greening was related with the regrowth of secondary forest, and was observed
during the collection of ground truth data (Figure 9). Greening from 2006 onwards may be attributed
to the removal of 150 elephants, which were translocated from the Reserve to Tsavo East National Park
in 2005, allowing vegetation to recover and limiting further damage [28].
Our visual interpretation of the temporal profiles of MODIS EVI, rainfall anomalies and monthly
rainfall estimates from TAMSAT suggest that precipitation may not be a reliable predictor of forest
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change within our study areas. It has previously been recommended to treat the relationship between
EVI and rainfall with caution as heterogeneities in patterns of EVI in the forest may be difficult to
explain as a response of variations in climate [66]. Using precipitation levels and rainfall anomalies
alone has its limitations on assessing the impact of rainfall on forest greenness, as it does not incorporate
other variables, such as evaporative demand [45,67]. Other studies also found rainfall extremes showed
no influence on EVI anomalies [66]. We aimed to examine the influence of rainfall patterns on forest
phenology. Unexpectedly, negative anomalies in rainfall did not always coincide with a reduction
in EVI values in the same year, as in the case of the ANP for the year 2007. Negative changes in the
vegetation were limited to only 2 km2 of the SHNR for that year. The following year, however, small
declines in photosynthetic activity in just over 2 km2 were observed, suggesting a possible lag in the
impact of reduced rainfall on vegetation. This has also been reported previously using data collected
from 10 rain gauge stations in Kenya, but with smaller time lags of up to three months [68].
Within the SHNR in 2003, 50% of the area experienced an increase in EVI at magnitudes of 0.3.
In contrast to traditional ecosystem models, whereby there is a reduction in forest “greenness” or EVI
values, as a consequence of water-stress [69,70]. Our results support previous evidence from studies
conducted in the Amazon rainforest that witnessed widespread greening during the dry season [71,72],
inferring that our study site could be influenced by more complex relationships between water
availability, sun radiation and heterogeneity in EVI patterns.
Ground truth data within areas that were identified by BFAST as having undergone some
degree of disturbance were collected from both sites. The data highlighted the ability of BFAST,
when applied on coarse resolution imagery, to detect disturbance from fire, anthropogenic clearances,
and elephant damage. It enabled us to identify progressive degradation and subsequent regrowth of
the vegetation, which would likely have been missed using bi-temporal methods [38]. Extensive cloud
cover, which is typical of montane forest regions, exasperates the problem of using the extensively
employed bi-temporal approach. Interestingly, whilst collecting ground truth data, we identified large
areas of damage as a direct result of elephants trampling and uprooting trees, particularly within the
Mwaluganje elephant sanctuary in the north of the SHNR (Figure 9). This supports previous reports of
elephants creating large clearings in the forest since the fencing of the area [17] and provides evidence
of the ability of using remote sensing methods to measure damage influenced by mega-herbivores,
as shown in other studies [73,74].
A lack of available high-resolution imagery meant that typical validation methods employed in
other studies were difficult [22,45]. However, their integrity is based on a robust, statistical model that
has been applied successfully in a number of applications and, as with other studies experiencing
similar data constraints, we provided a workaround [75]. Accuracy of the disturbance maps are
consistent with other studies. Both field sites attained higher accuracies in recent years due to a more
stable model being fitted, owing to an increasing number of data points. A number of studies mapping
change from time-series data have reported higher omission than commission errors [35,45,76].
Commission errors for both study sites were higher than omission errors (Tables 2 and 3). This is
in agreement with other studies [77,78]. A paucity of Landsat data meant that we had to employ the
coarser resolution MODIS data for the validation exercise, which makes it difficult to identify subtle
changes in the canopy (e.g., small size of the clearings) [79]. This resulted in considerably higher
commission errors for a number of years compared to those reported in other studies. Another reason
for our higher commission errors could be the choice of harmonic order in the BFAST model (k = 3),
which translates to a more sensitive approach in the identification of breaks, subsequently increasing
the number of false positives. However, as pointed out by Dutrieux et al. [45], as the areas of no-change
are much larger than those where disturbance was detected, selecting a lower harmonic order increases
the omission errors. Given the difficulty in identifying subtle changes using coarse resolution imagery,
we opted for the more sensitive approach, that is, the higher k.
A limitation to our study was that we were unable to acquire a temporal profile prior to the start
of the construction of the fence in 1989 due to the significant gaps in the Landsat archive over East
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Africa at the start of our study (Appendix A). This meant that we had to resort to using MODIS data,
which are available from the year 2000. During the period between 1989 and 2000, 78 km of fencing
had already been completed on the eastern parts of the ANP. Whilst it is anticipated that elephant
damage to the Park should not have occurred due to the majority of migration routes being open, it is
possible that the partial confinement might already have impacted the vegetation negatively. Therefore,
the stable history period we had to use, may not be entirely “stable”. As such, a decreasing trend may
have been fitted to the model resulting in an over estimation of positive breakpoints, which could
have caused our higher commission errors. Overall, the model performed more efficiently in the
SHNR compared to the ANP. This is potentially due to the higher number of clear-sky observations
per pixel in the SHNR (Figure 1), resulting in fewer gaps in the data. A higher number of clear-sky
observations may also explain the increases in overall accuracy for a number of years in both study sites
(Tables 2 and 3). As established in a similar study in an Afromontane forest in Ethiopia, the presence of
unmasked clouds or cloud shadows can result in a greatly reduced EVI value for that pixel. Whilst an
occasional outlier should not lead to the detection of a false breakpoint (thanks to the calculation of the
moving sum of squares, MOSUM), continuous cloud cover, which is characteristic of our study sites
and other tropical montane regions, can present a considerable challenge, and indeed lead to the false
identification of disturbance [22].
5. Conclusions
The Aberdare National Park and Shimba Hills National Reserve, in Kenya, were selected to
examine the impact of confinement of mega-herbivores using remote sensing techniques. Fencing has
evidently protected the forests from large-scale human disturbance by limiting land-use conversion in
both sites, which have experienced significantly lower rates of forest loss than forests that are un-fenced
in other studies. Analysis found that our study sites primarily exhibit small-scale, subtle changes in
forest canopy, possibly as a result of elephant damage and areas of human activity, including charcoal
kilns and logging, which were observed during ground-truth validation. The direct impact of rainfall
was difficult to measure, as rainfall anomalies did not always coincide with changes in EVI values.
The SHNR experienced much larger areas of change than the ANP, possibly suggesting that smaller,
fenced areas are more susceptible to changes in the forest as a result of confining mega herbivores.
Results indicate that employing the sequential monitoring technique within the BFAST method
on MODIS (MOD13Q1) time-series presents an opportunity to use remote sensing in environments
whereby traditional monitoring approaches are not possible. Providing near real-time information on
the ecological impact of confining animal populations, and detecting small-scale human disturbance,
can help to inform successful management strategies for the conservation of species and the
preservation of habitats.
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